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Abstract There have been increasing reports of harmful algal blooms (HABs) worldwide. However, the
factors that inﬂuence cyanobacteria dominance and HAB formation can be site-speciﬁc and idiosyncratic,
making prediction challenging. The drivers of cyanobacteria blooms in Lake Paldang, South Korea, the
summer climate of which is strongly affected by the East Asian monsoon, may differ from those in well-
studied North American lakes. Using the observational data sampled during the growing season in 2007–
2011, a Bayesian hurdle Poisson model was developed to predict cyanobacteria abundance in the lake. The
model allowed cyanobacteria absence (zero count) and nonzero cyanobacteria counts to be modeled as
functions of different environmental factors. The model predictions demonstrated that the principal factor
that determines the success of cyanobacteria was temperature. Combined with high temperature, increased
residence time indicated by low outﬂow rates appeared to increase the probability of cyanobacteria occur-
rence. A stable water column, represented by low suspended solids, and high temperature were the
requirements for high abundance of cyanobacteria. Our model results had management implications; the
model can be used to forecast cyanobacteria watch or alert levels probabilistically and develop mitigation
strategies of cyanobacteria blooms.
1. Introduction
Reports of harmful algal blooms (HABs) have increased worldwide [Paerl and Huisman, 2008]. HABs are a
symptom of eutrophication, a state of high primary productivity resulting from nutrient overenrichment.
They are often dominated by cyanobacteria [Carey et al., 2012; Downing et al., 2001; Paerl and Huisman,
2008] that can produce toxins, odors, and nuisance deposits, hampering ecosystem integrity and the desig-
nated uses of lakes [Carmichael et al., 2001; Codd et al., 2005; Knoll et al., 2008].
Models to predict algal occurrence, development, and movement are important tools for HAB management
[Freeman, 2011]. Predictive models can be useful both for developing strategies to reduce bloom frequency
and severity, and for guiding actions to reduce the impact of a bloom that is underway. However, while the
general factors that cause eutrophication are well understood [Carpenter et al., 1998], the factors that inﬂu-
ence cyanobacteria dominance and HAB formation can be site-speciﬁc and idiosyncratic, making prediction
challenging [Glibert et al., 2010].
Previous studies have documented climatic, hydrological, and nutritional conditions that contribute to a
shift in the algal community composition toward cyanobacteria dominance. These conditions include high
water temperature [Beaulieu et al., 2013; Elliott, 2010; J€ohnk et al., 2008; McQueen and Lean, 1987; Paerl and
Huisman, 2008], high nutrient levels [Phillips et al., 2005; Wagner and Adrian, 2009], increased water column
stability [Jones et al., 2005; Romo et al., 2013; Visser et al., 1996; Wagner and Adrian, 2009], low nitrogen to
phosphorus ratios [Elliott, 2010; Levine and Schindler, 1999; Smith, 1983; Wood et al., 2010], low light availabil-
ity [Scheffer et al., 1997; Smith, 1986], and decreased herbivore grazing [Paerl, 1988; Vanderploeg et al., 2009].
However, primary predictors and speciﬁc ranges of those predictors associated with the proliferation of cya-
nobacteria may differ spatially due to location-dependent distribution of species, nutrient baselines, and
hydrological and climatic conditions [Carey et al., 2012; Reynolds, 2006]; for example, the relative importance
between nutrient inputs and temperature in determining cyanobacteria abundance differs among lakes
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[Ahn et al., 2011; Brookes and Carey, 2011; Kosten et al., 2012]. Thus, conditions that promote the cyanobac-
terial growth in one lake may not lead to blooms in other lakes [Ahn et al., 2011; Kim et al., 2005].
In oceanic and large-lake coastal systems, HAB prediction is often based on near real time, remotely sensed
bloom detection [Wynne et al., 2013] coupled with hydrodynamic or process-based models to forecast
bloom behavior over a period of days to weeks [Zhang et al., 2013]. These models are useful for manage-
ment decisions such as beach or shellﬁsh closures, or initiating enhanced treatment at drinking water
intakes. Prediction in Lake Erie has received particular attention because of the severity and magnitude of
recent blooms [Michalak et al., 2013]. In addition to near term forecasts of HAB movement [Wynne et al.,
2011], seasonal projections using empirical models based on spring tributary inputs are also under develop-
ment for Erie [Stumpf et al., 2012]. Empirical approaches have been widely used to capture the idiosyncratic
nature of bloom formation [Hamilton et al., 2009; Millie et al., 2012, 2013], and Graham et al. [2004] empha-
sized the importance of empirical relationships for predicting microcystin concentration, a toxin produced
by Microsystis under some circumstances [Dyble et al., 2008].
HAB development in Asian lakes can be distinctive as these lakes are inﬂuenced by climatic factors that dif-
fer markedly from those of the relatively well-studied North American and Western European lakes. In these
lakes, the summer climate is governed by the Asian monsoon, which is characterized by hot, wet conditions,
with rainfall during July–August constituting a major portion of the total annual precipitation [Ahn et al.,
2002; An and Jones, 2000b]. An and Jones [2000a] reported cyanobacterial dominance in Taechung Reser-
voir, South Korea, during the summer of 1994 concurrent with the weak monsoon in contrast to infrequent
cyanobacteria blooms in the summer of 1993 concurrent with the intense monsoon, indicating that rapid
ﬂushing and turbid inﬂows during the monsoon suppressed the growth of cyanobacteria.
Our study site, Lake Paldang, located close to the metropolitan area of the capital Seoul of South Korea, was
formed through the construction of Paldang Dam in 1973. As a conﬂuence of three rivers, the North Han,
South Han, and Kyung-an, Lake Paldang is a typical river-run lake characterized by shallow depth (mean
depth5 6.4 m) and a short hydraulic residence time ranging 2.6–9.0 days (mean residence time5 6.4 days)
[Na and Park, 2005]. Lake Paldang supplies domestic and drinking water to 25 million residents of the capi-
tal area, and is used for ﬂood control and electric power generation. The lake, which had been oligotrophic
in the 1970s, became increasingly eutrophic with increases in phosphorus and nitrogen levels along with
increased turbidity, and, since the 1990s, frequent dominance by cyanobacteria [Na and Park, 2006; Park
et al., 2005]. The progression toward eutrophication was coincident with relaxed land-use regulations in the
Paldang watershed, which was followed by urban and agricultural expansion, and increases in population
density and nutrient loads [Jung, 2009]. A 4 year (1997–2000) study conducted between May and November
found that the dominant summer (June–September) cyanobacterial genera included Microcystis and Ana-
baena, prone to colony and bloom formation [Kim et al., 2005]. Although toxin production by cyanobacteria
was not substantial (microcystin level< 1 mg L21), odor-generating substances often impaired drinking
water quality [Kim et al., 2009]. In July 2008, unpleasant smelling tap water led to complaints from residents
of the capital area and serious public concern. Kim et al. [2009] suggested that the odor originated from 2-
Methylisoborneol (MIB) and especially high levels of geosmin, which were strongly associated with high lev-
els of Anabaena.
For South Korean lakes supplying drinking water, such as Lake Paldang, a cyanobacteria watch is issued
when cyanobacteria cell counts and chlorophyll a (Chla) jointly exceed 500 cells mL21 and 15 mg m23,
respectively. Further, an alert is issued when cyanobacteria cell counts and Chla jointly exceed 5000 cells
mL21 and 25 mg m23, respectively. Once a watch or alert is issued, then additional treatment processes are
required at water treatment plants until the watch or alert is cleared. Additionally, when an alert is issued
the movement of water intakes below where algae inhabit, and the analysis of cyanotoxin in the treated
water are required.
Our objectives were to examine the environmental drivers that promote cyanobacterial growth, identify the
conditions that affect the abundance of cyanobacteria relative to other phytoplankton, and develop a
model for cyanobacteria prediction. To do this, we used a Bayesian hurdle Poisson model [Mullahy, 1986;
Neelon et al., 2010]. Although the hurdle Poisson model does not distinguish between ‘‘true zeros’’ (real
absence of organisms) and ‘‘false zeros’’ (failure to detect organisms that are present at low abundance)
[Martin et al., 2005], the practical utility in our application is that it allows cyanobacteria presence/absence
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and cyanobacteria counts to be modeled as functions of different environmental factors. This capacity can
be useful to differentiate conditions that initiate cyanobacterial proliferation from those that promote
excessive concentrations. The hurdle Poisson model has been used in other ﬁelds of study [Hu et al., 2011;
Neelon et al., 2013]; however, the application of the model integrated into a Bayesian framework to resolve
water quality issues is novel. This model is appropriate to represent the distribution of cyanobacteria cells,
characterized by discrete positive values with a distinct peak at zero. The model provides a scientiﬁc basis
for lake management by predicting the level of cyanobacteria, and the probability of exceeding cyanobac-
teria criteria for gradients of combined predictor variables.
2. Methods
2.1 Data Description
For phytoplankton and water quality characteristics, we sampled at two locations (Figure 1) from April to
November from 2007 to 2011, and in 2011 the sampling period was extended to December. During April–
November in 2007–2011, sampling frequency was weekly at the station 1 and monthly at the station 2. In
December 2011, sampling was daily in both stations. All samples were taken at 0.5 m below the water
surface.
In our analysis, we included the water quality characteristics that are expected to be related to cyanobacte-
ria blooms: water temperature, conductivity, secchi depth, suspended solids (SS), dissolved oxygen (DO),
Chla, phosphorus species—total phosphorus (TP), total dissolved phosphorus (TDP), and phosphate (PO4-P),
and nitrogen species—total nitrogen (TN), total dissolved nitrogen (TDN), nitrate (NO3-N), and ammonium
(NH4-N). Water temperature, conductivity, and DO were measured by YSI 6600 directly on the spot. SS was
measured by ﬁltering 1 L of water sample using a glass ﬁber ﬁlter (GF/F, 47 mm) and drying the ﬁlter at
105C in an electric oven. For the Chla analysis, the same ﬁlter was used to ﬁlter 1 L of water sample. Then
Figure 1. Map of Lake Paldang with the Paldang Dam (trapezoid). Sampling sites denoted as 1 and 2.
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the ﬁlter was soaked in 10 mL of 90% acetone solution to
elute Chla. A spectrophotometer was used to measure
the Chla concentration of the solution. TP, TDP, and PO4-
P were analyzed by the ascorbic acid method. TN was
measured by the absorption photometry method and
TDN, NO3-N, and NH4-N were analyzed by the Indo-
Phenol method. The phytoplankton data consisted of cell
counts (cells mL21) of diatom, green algae, cyanobacte-
ria, and total phytoplankton. For the phytoplankton data,
1 mL sample taken from a well-mixed 2 L water sample
was put into a Sedgwick-Rafter chamber and was ana-
lyzed by a phase-contrast microscope (Nikon Eclipse 80i)
at 400–6003 resolutions [Komarek, 1991].
Daily precipitation, inﬂow, and outﬂow data were
obtained from online WAMIS of the Korean Ministry of
Land, Transport, and Maritime Affairs (http://www.wamis.
go.kr). In addition to the daily precipitation, inﬂow, and
outﬂow, the average values of these characteristics over
6 days before the sampling date and including the sam-
pling date of phytoplankton and water quality parame-
ters were included as predictor candidates to account for
hydraulic residence time. Mean and maximum daily wind
speed, and daily irradiance were obtained from the Korea
Meteorological Administration (http://www.kma.go.kr).
To compare the annual and seasonal patterns for a long-
term period (1998–2006) and for the period of study
(2007–2011), we obtained the data for water tempera-
ture, TP, TN, and Chla measured at the stations 1 and 2
with weekly to monthly frequency for the years 1998–
2006 from the Korea National Institute of Environmental
Research. Precipitation data for the corresponding period
was obtained from the WAMIS.
2.2. Bayesian Poisson Hurdle Regression
Discrete data, such as cyanobacterial cell counts, are commonly modeled as either Poisson or negative bino-
mial distributions. The negative binomial distribution can accommodate ‘‘overdispersion,’’ a situation that
occurs when the variance of the data exceeds that which can be estimated using a Poissonmodel [White and
Bennetts, 1996]. However, count data often have more zeros than either a Poisson or negative binomial model
can represent (Figure 2). To address excessive zeros, and accommodate overdispersion, mixture models con-
sider counts to arise from a combination of distributions. Zero-inﬂatedmixture models represent zeros as
having two distinct sources, an underlying Poisson or negative binomial process and a second process that
generates extra zeros [Lambert, 1992]. In contrast, hurdle models consider all the zeros to arise from one pro-
cess while the nonzero discrete values arise from a separate Poisson or negative binomial process that is trun-
cated at zero [Heilbron, 1994;Mullahy, 1986]. The practical implication is that hurdle models can be used to
reﬂect an underlying presence/absence state that is inﬂuenced by environmental drivers that may be distinct
from the factors inﬂuencing the nonzero counts. In our case, the use of the hurdle model allowed us to explic-
itly characterize the environmental conditions that contribute to shift a lake from cyanobacteria-free to
cyanobacteria-present states, while at the same time delineating the conditions that promote the prolifera-
tion of cyanobacteria once an outbreak occurs. We present the hurdle Poissonmodel herein; however,
despite the conceptual differences, replacement with the negative binomial distribution or the zero-inﬂated
modeling did not make substantial changes in the results. Further, a Bayesian framework was used to quantify
the uncertainty associated with model parameters and predictions [Ghosh et al., 2006].
The hurdle Poisson model can be expressed as [Neelon et al., 2010]:
Figure 2. Distribution of cyanobacteria (a) cell counts
(cells mL21) and (b) relative abundance based on individ-
ual observations sampled 2007–2011 in Lake Paldang.
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Pr ðYi50Þ512pi for 0  pi  1
Pr Yi5kð Þ5pilke2l= k!ð1 2e2lÞ½  for k51; . . . ; 1; 0 < l < 1;
(1)
where Yi is the independent response (cyanobacteria cell count) for the sample i5 1, . . ., n, k is the positive
value measured, p is the probability of cyanobacteria presence in a sample, and l is the mean for a trun-
cated Poisson. The parameters, p and l, are further modeled with predictor matrices X5 (X1, . . ., Xm) and
W5 (W1, . . ., Wl),
logit pið Þ5log pi=ð12piÞ½ 5g01g1Xi;11 . . .1gmXi;m (2)
log ðliÞ5b01b1Wi;11 . . .1blWi;l1ei; ei  Normal ð0; r2Þ (3)
where g5 (g0, g1, . . ., gm) and b 5(b0, b1, . . ., bl) are vectors of regression parameters, and e is an overdis-
persion parameter with the mean of zero and standard deviation of r. Note that the predictors included
in the logistic regression model may or may not be the same as the predictors included in the Poisson
model.
Based on equation (3), if we put the logarithm of a baseline (in this case total phytoplankton cell counts) of
counts as a predictor with its parameter ﬁxed to one, then the counts can be interpreted as relative abun-
dance (in proportion to total phytoplankton cell counts) of cyanobacteria. Abundance and relative abun-
dance of cyanobacteria were separately modeled in our study.
We used noninformative prior distributions for all model parameters and posterior distributions were
obtained using Markov chain Monte Carlo (MCMC) simulation procedures in the software program Win-
BUGS [Lunn et al., 2000]. To select predictor variables among a variety of environmental factors, ﬁrst prelimi-
nary analyses, such as stepwise regression and regression trees, were performed with R packages [R
Development Core Team, 2012]. During this process, variables that showed little relevance to the response
(cyanobacteria presence/absence or abundance) were screened out. Among the remaining variables, inclu-
sion of predictor variables and interaction between the variables was decided based on the deviation infor-
mation criterion (DIC). The DIC is a Bayesian alternative of Akaike information criterion used for model
comparison and selection [Plummer, 2008].
3. Results
Since the late 1990s, TP, TN, Chla, water temperature, and precipitation have varied from year to year with-
out obvious trends (Figure 3). Based on ranges suggested by Reckhow and Chapra [1983], TP, TN, and Chla
average concentrations (48 mg L21, 2.2 mg L21, and18 mg L21, respectively) indicate that Lake Paldang was
eutrophic throughout the years 1998–2011 (Figure 3). TP levels were substantially higher during the
summer monsoon (July–August) than annual average levels (Figure 3a), while the monsoon TN levels were
comparable to annual TN levels in most of the years 1998–2011 (Figure 3b). Variability of Chla in the mon-
soon months exceeded the annual variability (Figure 3c), and, as expected, the monsoon water temperature
(x522:5C) was substantially higher than annual water temperature (x 513:6C) (Figure 3d). Precipitation
during the monsoon largely determined the annual patterns, comprising 40–72% of total annual precipita-
tion (Figure 3e).
In terms of cell counts diatoms were the most abundant phytoplankton group across the growing season
(April–November) from 2007–2011 (Figure 4). Cyanobacteria was the least abundant group even in warm
periods of the year, reaching its peak with the monthly average of 550–2600 cells mL21 (0.07–0.27 as rela-
tive abundance) between June and September (Figure 4). However, instantaneous cyanobacteria cell counts
reached 13,000 cells mL21 on 14 July 2010 and made up 74% of total phytoplankton cell counts on 14
July 2008 (Figure 2).
High water temperature and poor ﬂushing were the conditions most strongly associated with the presence
of cyanobacteria (Figures 5a and 5b) and are reﬂected in the model as:
Pr (cyanobacteria presence)5 logit21[23.60 (61 standard deviation5 0.71)1 0.20 (6 0.04)
 WatTemp2 0.14 (6 0.05) 102Outﬂow]
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Our model indicates that at the overall mean weekly outﬂow (675 m3 s21) cyanobacteria are more likely to
be present than absent when the water temperature is above 23C (Figure 5a). At a mean weekly outﬂow
of 300 m3 s21, an increase in water temperature from 15 (25th percentile) to 23C (75th percentile)
increased the probability of cyanobacteria occurrence (mean of posterior p) from 27 to 63%, while the same
water temperature increase at 1000 m3 s21 of mean weekly outﬂow increased the probability of cyanobac-
teria occurrence from 12 to 40% (Figure 5c). With an increase in mean weekly outﬂow from 300 (25th per-
centile) to 1000 m3 s21 (75th percentile) at a temperature of 23C, the probability of cyanobacteria
Figure 4. Monthly patterns of phytoplankton group composition with regard to (a) cell counts (cells mL21) and (b) relative abundance in
Paldang Lake 2007–2011. Black square, gray diamond, black triangle, and gray circle indicate monthly means of total phytoplankton, dia-
tom, green algae, and cyanobacteria, respectively.
Figure 3. Annual and summer patterns of (a) mean TP, (b) mean TN, (c) mean Chla, (d) mean water temperature, and (e) total precipitation for the years 1998–2011 in Lake Paldang.
Filled circles are mean values (or total value for precipitation) throughout the year, and empty circles are mean values (or total value for precipitation) during the summer monsoon
period (July–August). Vertical bars indicate 61 standard error of the mean estimate. Horizontal lines indicate overall mean for the years 1998–2011.
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occurrence would decrease from 63 to 40%, while at low water temperature the probability of cya-
nobacteria presence is consistently low regardless of outﬂow; the same outﬂow increase at 15C
would decrease the probability of cyanobacteria occurrence from 26 to 12% (Figure 5d). Therefore,
water temperature was a more important factor than outﬂow in determining the probability of cya-
nobacteria presence.
Environmental factors that affect the Poisson mean (l) of cyanobacteria cell counts were water temperature
and SS (Figure 6) as indicated by the following model:
Figure 5. Probability of cyanobacteria presence as a function of (a) water temperature with outﬂow set at its mean (675 m3 s21), (b) mean
weekly outﬂow with water temperature set at its mean (19C), (c) water temperature (gray lines with 25th percentile of outﬂow and black,
dashed lines with 75th percentile of outﬂow), and (d) mean weekly outﬂow (gray lines with 25th percentile of water temperature and
black, dashed lines with 75th percentile of water temperature). Circles indicate observed samples (1 when cyanobacteria5present;
05 absent). Thick lines indicate mean predicted values, while thin lines indicate 95% predictive intervals.
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Log (cell counts)5 2.94(6 0.55)1 0.20(6 0.03)  WatTemp – 0.15(6 0.04)
 SS1 e, e  Normal (0, 1.502)
These results indicate that predicted cyanobacteria cell counts increase as water temperature increases and
SS decreases (Figures 6a and 6b). Water temperature effects on cyanobacteria growth differ depending on
the SS level. At a low SS concentration (5 mg L21), a water temperature increase from 15 to 23C increased
predicted cyanobacteria cell counts (mean of posterior l) from 900 to 4400 cells mL21, while at a higher
SS concentration (10 mg L21), the same temperature increase raised the cell counts from 400 to 2000
cells mL21 (Figure 6c). Water temperature played a critical role in determining the magnitude of cyanobac-
teria occurrence; at 23C a SS increase from 5 (25th percentile) to 10 mg L21 (75th percentile) corresponded
to a decrease in cyanobacteria cell counts from 4400 to 2000 cells mL21 (Figure 6d). In contrast, at low
temperatures cyanobacteria levels were consistently low regardless of SS levels; at 15C, an increase in SS
from 5 to 10mg L21 corresponded to cyanobacteria cell count decrease from 850 to 410 cells mL21
(Figure 6d).
Interestingly, water temperature was not a factor that affected the relative abundance (in proportion to
total phytoplankton cell counts) of cyanobacteria (Figure 7a). Instead, SS and the TDN:TDP mass ratio were
the predictors that showed strong relationships with relative abundance (Figures 7b and 7c) as reﬂected in
the following model:
Log (relative abundance)5 – 1.04(6 0.32) – 0.07(6 0.03)  SS – 0.01(6 0.00)  TDN:TDP
1 e, e  Normal (0, 1.202)
At the mean TDN:TDP ratio (125), a SS increase from 5 to 10 mg L21 was associated with a cyanobacteria rel-
ative abundance decrease from 0.34 to 0.24 (Figure 7b), while at the mean SS concentration a TDN:TDP
Figure 6. Changes in cyanobacteria cell counts in response to (a) water temperature with SS set at its mean (14 mg L21), (b) SS with water
temperature set at its mean (19C), (c) water temperature (gray lines with 25th percentile of SS and black, dashed lines with 75th percen-
tile of SS), and (d) SS (gray lines with 25th percentile of water temperature and black, dashed lines with 75th percentile of water tempera-
ture). Circles indicate observed cell counts. Thick lines indicate mean predicted values, while thin lines indicate 95% predictive intervals.
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increase from 65 (25th percentile) to 160 (75th percentile) was associated with a cyanobacteria relative
abundance decrease from 0.28 to 0.14 (Figure 7c).
For South Korean lakes supplying drinking water, such as Lake Paldang, a cyanobacteria watch is issued
when cyanobacteria cell counts and Chla jointly exceed 500 cells mL21 and 15 mg m23, respectively. Fur-
ther, an alert is issued when cyanobacteria cell counts and Chla jointly exceed 5000 cells mL21 and 25 mg
m23, respectively. However, our data indicate only a weak correlation between cyanobacteria counts and
chlorophyll a (Figure 8a); the highest cyanobacteria levels occurred at intermediate Chla concentrations
(10.8–34.4 mg m23). Even when the cyanobacteria cell count was zero, Chla ranged from 0.6 to 63.8 mg
m23 with the highest observed Chla concentration occurring at a zero cyanobacteria count. Generally, Chla
was much more strongly associated with diatoms (Figure 8b) and green algae (Figure 8c), than with cyano-
bacteria suggesting that high Chla concentrations may result from algal groups that pose a minimal drink-
ing water concern. Consequently, the highest observed cyanobacteria counts were more likely to trigger a
watch than an alert, and require only moderate response measures.
The weak correlation between cyanobacteria and Chla makes it difﬁcult to characterize the antecedent con-
ditions that would result in a watch or alert based on the joint Chla:cyanobacteria relationship. However,
because cyanobacteria are of primary concern we can use our model to calculate the conditions that would
result in high probabilities of exceeding the 500 cells mL21 and 5000 cells mL21 thresholds that, respec-
tively, initiate a watch or alert. These probabilities are highest at high temperature, low SS, and low weekly
outﬂow (Figure 9). With the weekly outﬂow at its mean values, the probability of exceeding the watch and
Figure 8. Relationship of chlorophyll a (mg m23) with (a) cyanobacteria cell counts (cells mL21), (b) diatom cell counts (cells mL21), and (c) green algae cell counts (cells mL21). q indi-
cates Pearson’s correlation coefﬁcient. Light gray shading and dark gray shading represent the regions where the cell counts and chlorophyll a jointly exceed 500 cells mL21 and 15 mg
m23, and 5000 cells mL21 and 25 mg m23, respectively.
Figure 7. Changes in relative abundance of cyanobacteria in response to (a) water temperature, (b) SS, and (c) TDN:TDP mass ratio. Circles indicate observed samples. Solid squares indi-
cate exceptional observations, high relative abundance associated with low water temperature, low SS, and low N:P ratio. Thick lines indicate mean predicted values, while thin lines indi-
cate 95% predictive intervals.
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alert levels at high SS conditions (10 mg/L) was higher than 0.1 when water temperature >20 and >28C,
respectively, and the probability of exceeding the watch level was higher than 0.5 when water temperature
>26C (Figures 9a and 9c). Under low SS conditions, the exceedance probabilities were higher at the same
water temperature: at 5 mg L21 SS combined with the mean level of weekly outﬂow, the probability of
exceeding the watch and alert levels were higher than 0.1 when water temperature >17 and >24C,
respectively, and the probability of exceeding the watch level was higher than 0.5 when water temperature
Figure 9. Probability of exceeding cyanobacteria watch level (500 cells mL21) and alert level (5000 cells mL21). The probability of exceed-
ing the watch level given a gradient of (a) water temperature with 25th percentile of SS (gray line) and with 75th percentile of SS (black
line), and (b) water temperature with 25th percentile of outﬂow (gray line) and with 75th percentile of outﬂow (black line). The probability
of exceeding the alert level given a gradient of (c) water temperature with 25th percentile of SS (gray line) and with 75th percentile of SS
(black line), and (d) water temperature with 25th percentile of outﬂow (gray line) and with 75th percentile of outﬂow (black line).
Table 1. Summary of Variables Included in Models
Variable Unit Mean (61 SD) Range
Cyanobacteria cell count cells mL21 514.44 (6 1648.98) 0–12840
Relative cyanobacteria abundance - 0.08 (6 0.16) 0-0.74
Water temperature C 19.23 (6 5.50) 5.80–30.08
Mean weekly outﬂow m3 s21 592.13 (6 391.28) 1–1351
Suspended solids mg L21 11.28 (6 41.60) 1–684
Total dissolved phosphorus mg L21 21.04 (6 17.04) 3–101
Total dissolved nitrogen mg L21 2.06 (6 0.40) 1.22–3.53
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>23C (Figures 9a and 9c). Weekly outﬂow had less impact than SS on the probabilities of the exceedance
for a given level of water temperature: at 23C, the probability of exceeding the watch level was 0.21 when
outﬂow5 300 m3 s21 and 0.13 when outﬂow5 1000 m3 s21 (Figure 9b), and the probability of exceeding
the alert level was much lower than 0.1 at both 300 and 1000 m3 s21 of outﬂow (Figure 9d).
4. Discussion
Our model predicts cyanobacteria levels based on water temperature, outﬂow, and SS, three characteristics
that are straightforward and relatively quick to measure (Table 1). Therefore, the model should be a useful
tool for decision makers to anticipate imminent drinking water problems. While the model is empirically
based and thus, speciﬁc to Lake Paldang, the factors incorporated are consistent with those reported in
other systems as important to cyanobacteria dynamics.
Cyanobacteria absence/presence was inﬂuenced by outﬂow, an indicator of hydraulic residence time or
ﬂushing rate, and temperature (Figure 5). The temperature association may be related to the observation by
Visser et al. [1995] that Microcystis colonies sank to the bottom due to a buoyancy loss caused by carbohy-
drate accumulation as temperature decreased from summer to autumn. Previous studies have also reported
that vertical mixing associated with turbulent conditions minimized light exposure, inhibiting cyanobacteria
growth [Paerl, 1988]. Additionally, at high outﬂows, the water residence time may be too low for cyanobac-
teria to proliferate [Mitrovic et al., 2006; Paerl and Huisman, 2008].
The cyanobacteria cell count in Lake Paldang was also affected by water temperature as well as SS levels
(Figure 6). J€ohnk et al. [2008] found that the speciﬁc growth rate for Microcystis reached maximum at
28C, consistent with our results exhibiting accelerated increases in cyanobacteria cell counts as water
temperature exceeds 23C (Figure 6). SS levels are closely associated with outﬂow and may largely repre-
sent light availability; the algal component of SS is minor. Note that the observed SS ranged from 2 to 684
mg L21 but cyanobacteria never appeared when SS exceeded 30 mg L21 (Figure 6b). Generally, our results
are similar to those in another Korean lake, Taechung Reservoir, where warm temperature or a weak
summer monsoon was required for cyanobacteria dominance or high cyanobacteria density [Ahn et al.,
2002, 2011; An and Jones, 2000a].
Low SS was associated not only with high cyanobacteria abundance but also with a high relative abun-
dance of cyanobacteria (Figure 7b). Previous studies have found that water column stability allows vertically
motile (or buoyant) cyanobacteria to outcompete other nonmotile (or nonbuoyant) phytoplankton groups
[Jones et al., 2005; Serizawa et al., 2008; Visser et al., 1996; Wagner and Adrian, 2009]. In stable, stratiﬁed
waters cyanobacteria colonies are able to grow larger, and fast ﬂoatation by Microcystis and Anabaena
allows them to migrate from the well-lit surface to the nutrient enriched bottom layer, yielding competitive
advantages over other phytoplankton [Carey et al., 2012; O’Brien et al., 2004]. In contrast, in poorly mixed
waters diatoms would be subject to sedimentation due to their heavier, larger cells compared to cyanobac-
teria [Reynolds, 2006].
The hypothesis that low N:P ratios, indicative of nitrogen limitation, promote nitrogen-ﬁxing genera of cyano-
bacterias been a subject of long debate. Many studies have supported this idea [Levine and Schindler, 1999;
McQueen and Lean, 1987; Smith, 1983;Wood et al., 2010], while others show no relationship between nitrogen
deﬁciency and nitrogen ﬁxers [Downing et al., 2001; Kosten et al., 2012; Paerl et al., 2011a]. In Lake Paldang,
TN:TP ratio was not a good predictor of cyanobacteria proportion, but the TDN:TDP ratio and TDN (dissolved
inorganic nitrogen) concentrations were negatively correlated with relative cyanobacteria abundance (Figure
7c). Note that the TN:TP and TDN:TDP ratios in Lake Paldang were generally higher (with the mean mass TN:TP
of 62) than the range (mass TN:TP<29) that was suggested to indicate nitrogen limitation [Smith, 1983]. Even
when the relative abundance of cyanobacteria exceeded 0.5, the mean TN:TP ratio was 47, ranging from 21 to
72, with a mean TN of 1.9 mg L21. Similar patterns, cyanobacteria dominance at TN:TP>29 with high nitrogen
concentrations, were also observed in Taechung Reservoir, South Korea [An and Jones, 2000a].
Previous observational studies have reported the cyanobacterial dominance at high temperatures [An and
Jones, 2000a; Kosten et al., 2012; Soranno, 1997], although a recent experimental study reported that optimal
growth temperatures and mean growth rates at the optimum temperature do not differ signiﬁcantly
between cyanobacteria and chlorophytes [L€urling et al., 2013]. While water temperature was not a strong
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predictor of relative cyanobacteria abundance in our data (Figure 7a), there were general increases in rela-
tive cyanobacteria abundance with increasing temperature, with the exception of two observations (Figure
7a). In both cases, low SS (3 mg L21 on average) and low ﬂushing rates (mean weekly outﬂow5 224 m3
s21), coincident with low N:P ratios (mass TDN:TDP5 106 compared to the overall mean of 150) may have
contributed to high proportions of cyanobacteria to total phytoplankton cell counts under low
temperature.
Our results corroborate temperature as a key factor associated with the initiation and proliferation of cyano-
bacteria. Numerous studies including experiments, ﬁeld studies, modeling, and observational studies based
on long-term data of both single lakes and cross-sectional data have indicated that temperature is an
important factor inﬂuencing the success of cyanobacteria in freshwater ecosystems [Davis et al., 2009;
Downing et al., 2001; J€ohnk et al., 2008; Kosten et al., 2012; McQueen and Lean, 1987; Paerl, 1988; Visser et al.,
1995]. Further, recent publications addressing the effects of climate change on cyanobacteria blooms pre-
dict that the duration, intensity, or distribution of cyanobacteria blooms will increase with the climate
warming [Elliott, 2012; Kosten et al., 2012; Markensten et al., 2010; Paerl and Huisman, 2008; Paerl and Paul,
2012; Paerl and Scott, 2010].
Temperate lakes generally experience warm summer temperatures accompanied by water column stratiﬁ-
cation and low ﬂushing rates, conditions that are ideal for cyanobacteria growth. This is not often the case
for lakes inﬂuenced by the Asian monsoon. Although across seasons, SS, outﬂow, and water temperature
generally exhibit weak correlations, during the summer monsoon period, focused precipitation results in
turbulent, well-mixed water columns, extremely high SS levels, and high outﬂow, conditions that do not
favor algal growth. Thus, the intensity and duration of the summer monsoon play an important role in cya-
nobacteria bloom formation, which may be idiosyncratic to Asian lakes. An intense monsoon that occurs
during the warmest period of the year can suppress the onset and magnitude of cyanobacteria blooms by
increasing ﬂushing rates, disturbing water column stability, and cooling the water [An and Jones, 2000a].
Contrary to our expectations, nutrients, in particular phosphorus concentrations did not show strong rela-
tionships with any types of responses (presence/absence, abundance, or relative abundance of cyanobacte-
ria). One possible explanation is that the lake is overenriched with both phosphorus and nitrogen. During
the study period, the average TP (47 (6 1.79; 1 standard error) mg L21) and average TN (2.2 (60.02) mg L21)
were consistent with eutrophic conditions [Reckhow and Chapra, 1983]. Many studies could have shown
that high phosphorus and nitrogen levels interact with other physical factors, including temperature, to pro-
mote the growth of cyanobacteria [Davis et al., 2009; Kosten et al., 2012; Paerl and Scott, 2010; Paerl et al.,
2011b]. Recently, Brookes and Carey [2011] reported nutrient input as the most important driver of cyano-
bacteria blooms, as evidenced by decreased blooms subsequent to decreases in nutrient inputs in a num-
ber of lakes, even under warming climate. Similarly, high phosphorus inputs, warm, quiescent conditions
and a long residence time were all implicated as factors that promoted a record harmful algal bloom in
Lake Erie in 2011 [Michalak et al., 2013].Thus, although loading was not explicitly examined herein, manage-
ment of nutrient inputs to tackle cyanobacteria symptoms may also be important in Lake Paldang.
To issue a cyanobacteria watch, the joint exceedance of cyanobacteria and Chla threshold levels is required.
However, Chla concentration was not a good indicator of high cyanobacteria concentrations as indicated
by the week correlation between cyanobacteria cell counts and Chla (Figure 8a). Also, many zeros for the
cell counts made it difﬁcult to characterize the cell counts-Chla relationship (Figure 8a). The poor relation-
ship probably arises because Chla is a component of all types of phytoplankton. The weak cyanobacteria-
Chla correlation has important management implications with regard to issuing cyanobacteria watch or
alert. Our data demonstrate that by requiring the levels of Chla to be exceeding 15 mg m23 and 25 mg
m23 jointly with cyanobacteria cell counts, we miss 12 among 31 cyanobacteria levels> 500 cells mL21 and
miss three among ﬁve cyanobacteria levels> 5000 cells mL21 (Figure 8a). Thus, the cyanobacteria-Chla rela-
tionship and using the joint exceedance as a requirement to issue the watch/alert should be revisited in
other lakes that supply drinking water.
5. Conclusions
The hurdle Poisson model provided a framework to address excessive zeros, capturing the factors attribut-
able to the shift from cyanobacteria-free to cyanobacteria-existent conditions. Our results indicate that low
Water Resources Research 10.1002/2013WR014372
CHA ET AL. VC 2014. American Geophysical Union. All Rights Reserved. 2529
temperatures inhibit cyanobacteria bloom initiation and rapid ﬂushing may remove cyanobacteria before
they can proliferate. Also, low temperatures along with low suspended solids were conditions that pro-
moted low cyanobacterial abundance. Further, our modeling approach deals with differing measures of cya-
nobacteria, presence/absence, and (relative) abundance of cyanobacteria in a single model, while previous
studies have focused on analyzing either cyanobacteria abundance or relative abundance, not explicitly tak-
ing into account the state of cyanobacteria absence. However, mechanisms underlying the differing
responses and the degree of overlap between the mechanisms are unclear, and invite further investigation.
As shown in predictions, large uncertainty is associated with high cyanobacteria levels, which would be of
interest to lake managers. Using Bayesian inference quantiﬁes the uncertainty in parameters and predic-
tions. Recognizing that the sample size of cyanobacteria cell counts exceeding the watch level (500 cells
mL21) and the alert level (5000 cells mL21) is merely 31 and 5 out of 207 observations sampled for 5 years,
continued monitoring efforts especially at high cyanobacteria abundance would reduce the uncertainty
associated with parameter estimates and ensure the better delineation of the relationships with predictors.
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